Introduction
Viewed from space two great bands of green -the equatorial, tropical forests and northern, temperate and boreal forests -encircle the globe. Deforestation has been extremely rapid in tropical forests relative to their northern counterparts. One reason for this is the greater prevalence of illegal extraction which often negates or overturns attempts to sustain forest cover in tropical areas. Understanding why illegal extraction is often sanctioned or facilitated is therefore likely to be central to countering tropical deforestation.
The current importance attached to understanding the determinants tropical deforestation stems from a growing realization that the disappearance of these forests will have impacts that extend beyond national boundaries. Globally, deforestation accounts for almost one-…fth of annual emissions of greenhouse gases, with the bulk of this coming from tropical forests. To put this in perspective, deforestation contributes more to greenhouse gas emissions than the global transportation sector, and roughly the same amount of emissions as the entire United States. Tropical forests are also the most biodiverse environments on the planet and their disappearance brings with it with a mass extinction of species which deprives future generations of the value associated with this genetic diversity.
1 These dual concerns of climate change and biodiversity have served to put tropical deforestation, and particularly understanding how to counter illegal extraction, towards the top of the current global policy agenda (Hansen and DeFries 2004; Stern 2006; Nabuurs et al. 2007; IPCC 2007; Kindermann et al. 2008) .
The vast majority of tropical forests are owned and managed by national governments, which in turn rely on local bureaucrats and politicians to enforce national logging rules. Central monitoring of these local o¢ cials is imperfect, and these o¢ cials can (and do) allow deforestation above and beyond the amount o¢ cially sanctioned by the central government. As a result, it is not uncommon in tropical areas for the majority of the wood extracted to involve some illegal action.
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This paper uses Indonesian data to examine the incentives faced by local bureaucrats and politicians to allow more or less logging in their jurisdictions. To guide the empirical analysis we present a simple model in which …rms decide where to log, but their activities are contingent on obtaining permits (legal or otherwise) from the local district governments that enforce forest policy. In determining how many such permits to issue, districts are engaged in Cournot competition with one another within a provincial wood market. As the number of districts in a wood market increases, the Cournot framework suggests that the amount of wood extracted should rise and the price of wood should fall. Augmenting this simple model with a probability that district governments are punished for allowing illegal logging beyond the legal quota yields the prediction that the presence of alternative sources of rents for district governments should reduce forest extraction.
The key predictions from the model are then taken to a rich data set for Indonesia. Indonesia is, in many ways, an ideal context for such a study. It contains one of the largest stands of tropical forest in the world. 3 Rapid deforestation places it just behind the US and China as the third largest producer of greenhouse gases worldwide. 4 And the unique features of post-Soeharto institutions and institutional change generate plausibly exogenous variation in the incentives a¤ecting the decision of district bureaucrats and politicians to allow more or less logging within their jurisdictions.
Since so much deforestation in Indonesia is a result of illegal logging, we cannot rely on o¢ cial production statistics to capture deforestation. Instead, we use a novel dataset that we constructed from MODIS satellite imagery which allows us to capture deforestation across the entire country. Using these data, we can detect deforestation at a 250 meter by 250 meter resolution annually for all of Indonesia from 2001 to 2008 (Hansen et al. 2009 ). We combine the pixel-level data on deforestation from our MODIS data with GIS data on district boundaries and land-use classi…cations to construct a dataset that captures deforestation across localities and across four land use zones -the production and conversion zones where some amount of logging is legal (for speci…c amounts within speci…c concessions), and the conservation and protection zones (where all logging is strictly illegal).
To test the impact of the number of political jurisdictions on deforestation, we take advantage of the fact that Indonesia has experienced a remarkable increase in the number of administrative divisions over the past decade. Between 2000 and 2008, the number of districts in the main forest islands of Indonesia almost doubled, from 189 districts in 2000 to 312 districts in 2008. Exploiting the di¤erential timing of these district splits, we estimate that subdividing a province by adding one more district increases the overall deforestation rate in that province by 8.2 percent. The increase appears in both land use zones where logging can be either legal or illegal, as well as in the land use zones where all logging is illegal.
While there are multiple reasons why subdividing administrative jurisdictions could increase deforestation, the evidence appears consistent with a model in which Indonesian district governments engage in Cournot-style competition in determining how much wood to extract from their forests. We show that the increase in administrative jurisdictions drives down prices in the local wood market: adding one more district to a province reduces local prices in the province by 3.3 percent, implying a local demand elasticity for logs of about 2.3. A back-of-the-envelope calculation suggests that the magnitude of the increase in deforestation we observe is consistent with what a simple, static Cournot model would predict given this elasticity. With regard to alternative explanations, the fact that we …nd similar results in zones where no legal logging takes place suggests that the results are not just about changes in o¢ cial policies due to changes in bargaining power of districts vis a vis central government. The fact that the impact of new jurisdictions on deforestation rates increases over time, rather than decreases, and the fact that deforestation is not more likely to occur in the new part of the district suggest that declines in enforcement due in the illegal logging zones are not primarily driving the results.
To test for substitution between illegal logging and other sources of rent extraction, we exploit changes in a district's oil and gas revenue-sharing receipts over time. Oil and gas reserves are highly unevenly distributed across Indonesia, and the revenue sharing rules put in place by post-Soeharto governments mean that the amount of revenue a district receives in a given year depends on oil and gas prices, production in own and surrounding districts, and the number of districts in the province. Consistent with the existing literature on short-run substitution between alternate forms of corruption (Olken 2007, Niehaus and Sukhtankar 2009) , we …nd that rents from illegal logging and the potential for rents from oil and gas revenue sharing are substitutes in the short-run. In the medium term, however, we show that over half of this e¤ect disappears. We provide suggestive evidence that the e¤ect disappears over time because the higher oil and gas rents lead over time to the formation of new, higher rent-extraction political coalitions (as in Brollo et al. 2009 ).
The results in this study provide new evidence on how potentially corrupt bureaucrats and politicians respond to incentives. The main results in the paper are consistent with rent maximization by local o¢ cials: as an o¢ cial's market power diminishes (due to district splits), he increases the rate of rent extraction, and as alternative sources of rents increase (due to increased oil and gas revenue), so that he has more to lose from being found engaging in illegal activity in the forest sector, he decreases rent extraction. The results thus provide an example of how potentially illegal behavior can be explained by standard economic models (as in Becker and Stigler 1974 , Shleifer and Vishny 1993 , and Olken and Barron 2009 .
The remainder of this paper is organized as follows. In the next section 2 we outline a simple theoretical framework which captures the key forces which a¤ect the decision for district governments to permit more or less logging within their jurisdiction. Section 3 discuss the background on institutional change and deforestation in Indonesia and the construction of the data we use to examine these processes. Section 4 examines how the splitting of districts a¤ected deforestation, which we interpret in the light of our theoretical framework. Section 5 investigates whether having access to alternative sources of public …nance incentivizes or disincentivizes districts to engage in logging. Section 6 concludes.
Theoretical Framework
We consider a context in which local government plays an important role in determining how much deforestation takes place. This occurs because local governments are responsible for regulating and monitoring the extraction of wood within their jurisdiction, so if a …rm wishes to extract wood, it can only do so with the consent of local government.
We model this by assuming that …rms can choose where to log, but must obtain a (legal or illegal) permit from the district government in order to do so. Districts choose the number of permits to sell to …rms taking the number of permits issued by other districts as given. In this context, a bribe is just the price paid for a permit. Prices are determined in equilibrium by …rms'willingness to pay for the permits. The net result is that districts essentially engage in Cournot competition with each other, so that increasing the number of districts increases the quantity of wood felled and decreases equilibrium prices in wood markets. The model thus captures the idea that increasing competition between political actors can drive down prices, as in Shleifer and Vishny (1993) . 5 We begin by specifying the …rms'problem, then the problem for the district governments, and then characterize the equilibrium. Suppose that there is free-entry for logging …rms. Logging …rms can log in any district they chose at a constant marginal cost c per unit of wood extracted from the forest. However, in order to extract logs from a given district d, a …rm needs to secure a permit from the district government, at cost b d per unit extracted. 6 Suppose that in a each province, there is a downward-sloping inverse demand function for wood products, denoted by P (Q) where Q is the total quantity of wood produced in the province.
7 Each …rm f in district d solves
Firms are thus willing to pay fees b d = p (Q) c to obtain logging permits in district d.
We assume that the head of each district government determines the quantity of permits to issue in its district, and then sells the permits to …rms. If a district issues more logging permits than its legal quota (denoted q), it faces some chance that illegal activity will be detected. We denote this probability of detection as (q d ; q), and we assume that it positive whenever there is illegal logging, and that it is increasing in the amount of illegal logging. If a district head is detected, he loses all future rents associated with o¢ ce, denoted r d .
The head of each district d solves
Substituting yields the familiar Cournot maximization problem, augmented by the probability of detection
The …rst order condition is
Next, suppose there are n identical districts in a provincial wood market, so that total quantity Q = nq d . Rewriting and substituting Q = nq d yields the familiar Cournot equation, 5 Note, though, that in this model district governments compete over quantities, whereas Shleifer and Vishny discusses Bertrand competition over prices. 6 Since the cost structure for …rms is constant across …rms and linear in quantities, the optimal price structure for fees that districts will set will be linear in quantities as well. 7 In our empirical setting we treat each province as a wood market and estimate downward sloping demands curves in each market. Transport costs, the need to process logs locally before export (Indonesia bans the export of raw, unprocessed logs), and capacity constraints at local sawmills combine to generate local downward-sloping demand curves for logs in each provincial wood market.
modi…ed by the 0 (q d ; q) r term:
where " is the price elasticity of demand. This formula has several implications. First, increasing n reduces prices and increases forest extraction in the provincial wood market as the market becomes more nearly competitive. These are standard predictions from a static Cournot model. Lewis and Schmalensee (1980) also show that these predictions also hold in a dynamic Cournot setting 8 , where the problem districts face is thus that of oligopolistic competition in a nonrenewable natural resource. 9 In particular, they show that a greater number of actors in a market -in our case, more districts -leads to lower prices and greater resource extraction. 10 We will test both these quantity and price predictions in Section 4 below.
Second, there will be substitution between illegal logging and other forms of rents r d . In particular, for a given district, if the district is in the range where > 0, which by assumption is whenever q d > q, then increasing r will lead to a reduction in the quantity of wood extracted from a district, q d . The idea that one type of corruption and other sources of rents may be substitutes will be examined empirically in Section 5 below.
To interpret the empirical results below, it is useful to derive a more explicit formula for the relationship between the quantity of deforestation and the number of districts. To do so, we need to posit a functional form for the inverse demand function. Suppose we have constant elasticity of demand, i.e. p = a q , where " = 1 . If we assume that 00 = 0, then substituting p = a q into equation (2), taking derivatives, and simplifying yields:
This is a simple formula for the semi-elasticity of quantity with respect to the number of jurisdictions in the market, which is the parameter we will estimate in the empirical work below. A critical assumption of the model is that …rms need permission from only one district in order to conduct illegal logging. If, alternatively, …rms needed to bribe multiple districts in order to log, the predictions would be quite di¤erent. For example, if …rms needed to bribe every district between the source of the logs and the destination to transport logs, then increasing the number of districts could increase total bribes and decrease logging, as in Olken and Barron (2009) . 11 We will explore the relationship between the number of jurisdictions and the total cost of logging empirically below.
Background and Data
Indonesia comprises an archipelago of islands in South-East Asia stretching from the Indian Ocean to the Paci…c Ocean. It is a vast country. From tip-to-tip (from Sabang in Aceh to Merauke in Papua), Indonesia is 3250 miles across; this is the same as the distance from Tampa, Florida to Juneau, Alaska. The conditions in Indonesia are ideal for the growth of forests and without the involvement of humans, Indonesia would be largely covered in forest.
In this section we trace out the dramatic political changes that Indonesia has experienced in its recent past, and document how these changes have resulted in a tug of war over the control of the forest sector. We then describe the data sets that we have built to capture both deforestation and institutional change in Indonesia.
Decentralization in Post-Soeharto Indonesia
The East Asian crisis brought to an end the thirty-two year regime of President Soeharto on May 21st, 1998. Soeharto had governed Indonesia since 1967, and his New Order regime had become synonymous with the Soeharto family extracting rents from all key sources of economic activity in the country (Fisman 2001 ).
Soeharto's departure ushered in one of the most radical recon…gurations of a modern state (Bertrand 2008) , combining a democratic transition with a dramatic decentralization of power. Amidst fears that the multi-ethnic country would break apart, substantial administrative and …scal authority was devolved to the approximately 300 district governments.
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O¤-Java regions which were rich in natural resources like forests, oil and gas were particularly strident in their demands for more of the revenue from their extraction to accrue to them (Cohen 1998 , Tadjoeddin et al. 2001 , WB 2003 , Hofman and Kaiser 2004 , Wulan et al. 2004 ). The decentralization laws, which were passed in 1999 and took e¤ect in 2001, devolved approximately 25% of the national budget to the districts in the form of block grants and dramatically increased their authority over almost all sectors of government. Local governments also received a substantial share of the natural resource royalties originating from their district, with some fraction of royalties going to the producing district, some fraction 11 Empirically, we do not think that is the case in this context -the origin district in fact can issue fake transport permits (known as SKSHH in Indonesian) which would be di¢ cult for downstream districts to distinguish from real permits. The key actor is therefore likely to be the district that actually controls the forest, in which case competition between districts should be the relevant force.
12 Unusually, Indonesian decentralization transferred power to the approximately 300 district governments, rather than the approximately 30 provincial governments, since districts, unlike provinces, were perceived to be too small for separatist tendencies (Hull 1999; Niessen 1999). being shared equally among all other districts in the same province, and the rest remaining with Jakarta. Districts were administered by Bupatis (district heads), who were in turn indirectly selected by local legislatures.
The allure of self-government where districts could enjoy signi…cant new political and …scal powers, as well as a high …xed fee, low per-capita fee structure in the block grant formulas, led to a signi…cant amount of district splitting. The total number of districts increased from 292 in 1998 to 483 in 2008. In the time and area that is the focus of this study (the forest islands of Sumatra, Kalimantan, Sulwesi, and Papua from [2000] [2001] [2002] [2003] [2004] [2005] [2006] [2007] [2008] , the total number of districts increased from 189 in 2000 to 312 in 2008. In contrast, the number of districts in Indonesia had remained largely unchanged during the New Order regime (BPS 2007) . District splits thus represented a signi…cant mechanism for the further decentralization of power in the country (Cohen 2003; Fitrani et al. 2005) . At the same time, they also introduced a certain amount of disorganization as many districts lacked the human resources, technical capacities and institutional structures to take on these new administrative powers (Tambunan 2000) .
Implications for the Forest Sector
During the Soeharto regime, the 1967 Basic Forestry Law gave the national government the exclusive right of forest exploitation in the so-called 'Forest Estate'(Kawasan Hutan); an area of 143 million hectares equivalent to three-quarters of the nation's territory (ROI 1967; Barber and Churchill 1987; Barber 1990 ). This is a substantial amount of forest: by comparison, it is roughly equivalent to the U.S. states of California, Montana, and Texas put together, and is roughly double the size of the U.S. national forest system. The entire Forest Estate was managed by the central Ministry of Forestry, based in Jakarta. The Ministry in turn awarded a small group of forestry conglomerates (with close links to the regime's senior leadership) most of the timber extraction concessions in the Forest Estate, amounting to an area of about 69 million hectares inside the area designated as 'Production Forest'(CIFOR 2004) . These exploitation rights were non-transferrable, were issued for up to 30 years and required the logging companies to manage the forest sustainably through selective logging. The second category inside the Forest Estate was the 'Conversion Forest', in which the largest wood producers could use 'Wood Utilization Permits' (Izin Pemanfaatan Kayu or IPK ) to clear-cut the forest and set up plantations for industrial timber, oil palm or other estate crops. Logging was prohibited in the remaining zones of the Forest Estate, which were designated for watershed protection (the 'Protection Forest') and biodiversity protection (the 'Conservation Forest').
The control over these forest zones changed with the passing of the Regional Autonomy Laws in 1999. In particular, the primary change was that the district forest departments became part of the district government, answerable to the head of the district (the bupati), rather than a division of the central Ministry of Forestry.
The district forest o¢ ce is the main point of control over much of the forest estate, both in terms of authorizing and monitoring legal logging and in terms of controlling illegal logging.
For legal logging, the precise role of the district forest o¢ ce varies depending on the forest zone. For production forest, for example, the district forest o¢ ce works with concession holders to develop, monitor, and enforce annual cutting plans. 13 For conversion forest, the district government initiates proposals to the central government that land be converted from forest to other uses, such as oil palm, and is responsible for ensuring that conversion is carried out in the designated areas only.
14 Given their central role in enforcing forest policy, the district forest o¢ ce is the key gatekeeper for illegal logging in these zones. For example, a district forest o¢ ce employee is supposed to be stationed at the gate of every concession to monitor all logs leaving the concession, and at the entrance of all saw mills to check all logs entering the saw mills. All legally felled logs require a transport permit from the district forest o¢ ce, which is not only checked at sawmills and export points, but also veri…ed at regular road checkpoints and at occasional roadblocks. Extracting more than the legal quota from a concession, transporting it, or bringing illegally sourced logs into a mill, therefore requires the complicity of the district forest o¢ ce. The district forest o¢ ce is also supposed to conduct regular spot-checks in the forest to ensure that the trees that were felled match those speci…ed in the annual cutting plan, and that no additional trees are felled.
District forest o¢ cials also play a key role in controlling deforestation in the protection and conservation areas. For protection forest, the district forest o¢ ce has the responsibility to patrol and ensure that no illegal logging is taking place. Conservation forest -much of which is national parks -is the only part of the forest estate legally still under central control. However, since the district forest o¢ ce enforces the processing of logs at sawmills and monitors transportation of logs, logging in those zones also requires the de facto acquiescence of the district forest o¢ ce.
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Anecdotal evidence con…rms that district governments play an important role in facilitating illegal logging in a variety of ways. For example, district heads have been found to allow logging to take place outside o¢ cial concessions (Barr et al. 2006) , to facilitate the creation 13 In particular, each year the concession holder, working with the district forest o¢ ce, proposes an annual cutting plan (Renana Kerja Tebang), based on a survey they conduct in coordination with the district forest o¢ ce to determine how much can be sustainably cut. The district government then negotiates the cutting plan with the national Forest Ministry, which coordinates all of the annual cutting plans nationwide to ensure that they do not exceed the total national annual allowable cut.
14 In addition, during the period from 1999-2002, district governments were legally allowed to issue a variety of small-scale, short-term forestry permits themselves, without central government approval. These licenses, both for the 'Production' and 'Conversion Forest', often directly overlapped with the large-scale logging concessions and sometimes even the boundaries of national parks and protected areas (see, e.g., Barr et al. (2001) , Casson (2001b) , McCarthy (2001) , Obidzinski and Barr (2003) , Samsu et al. (2004) and Yasmi et al. (2005) ). In 2002, under pressure from the main forest concession holders, the national government revoked the right of district governments to issue these small-scale permits. Note that we have veri…ed that the main results in the paper are robust to dropping 2001, so that they are identi…ed only from the period 2002-2008 where districts had no de jure power over forest licenses. See Appendix Tables 17 and 18 in the online appendix for these results.
15 Local police can also play an important role, since they can also instigate enforcement actions for illegal logging (or threaten to do so).
of new oil palm plantations inside national forest areas, and to sanction the transport and processing of illegally harvested logs (Casson 2001a) . District o¢ cials also have been known to issue conversion permits to clear cut forest and plant oil palm on their own, even though they do not have the legal authority to do so (CIFOR 2011). Estimates suggest that illegal logging makes up as much as 60-80% of total logging in Indonesia, making illegal logging a roughly US $1 billion a year market, suggesting that these forces play a substantial role in determining the total amount of deforestation (CIFOR 2004).
Constructing the Satellite Dataset
Given the prevalence of illegal logging, it is crucial to develop a measure of deforestation that encompasses both legal and illegal logging. To do so, we use data from the MODIS sensor to construct an annual measure of forest change for each year from [2001] [2002] [2003] [2004] [2005] [2006] [2007] [2008] . The resulting data set traces, at a spatial resolution of 250 meters by 250 meters, the patterns of forest clearing across the entire country over time. This section describes how the forest change dataset is constructed from the raw satellite images.
There are two main challenges in constructing satellite-based images of deforestation. First, humid tropical regions like Indonesia have persistent cloud cover that shrouds the region year round. This makes it di¢ cult to use high-spatial resolution sensors, like Landsat, which have been used to measure annual forest cover change in less cloudy environments (INPE 2002) . Since these satellites typically only revisit the same area once every 1-2 weeks, cloud-free images are less frequently recorded in Indonesia. An alternative to this is to draw on moderate spatial resolution sensors, such as the MODerate Resolution Imaging Spectroradiometer (MODIS) that pass over the same spot every 1-2 days. This considerably increases the likelihood of obtaining cloud-free observations, but at a coarser spatial resolution of 250 meters by 250 meters instead of the 30 meter by 30 meter spatial resolution available via Landsat.
To generate the data used in this paper, MODIS thirty-two day composites were used as inputs and included data from the MODIS land bands (blue (459-479 nm), green (545-565 nm), red (620-670 nm), near-infrared (841-876 nm), and mid-infrared (1230-1250, 1628-1652, 2105-2155 nm) ) (Vermote et al. 2002) , as well as data from the MODIS land surface temperature product (Wan et al. 2002) . Composite imagery represent the best land observation over the compositing period, in this case 32 days. To produce a more generalized annual feature space that enabled the extension of spectral signatures to regional and interannual scales, the 32 day composites were transformed to multitemporal annual metrics. Annual metrics capture the salient features of vegetation growth and senescence without reference to speci…c time of year and have been shown to perform as well or better than time-sequential composites in mapping large areas (Hansen et al. 2003) .
For each annual interval, a total of 438 image inputs were used (146 metrics per year plus their calculated di¤erences) (Hansen et al. 2005 ). This amount of information, in e¤ect 438 dimensions for each 250 meter by 250 meter pixel, is used to quantify forest cover loss per year for that pixel. By contrast, the human eye, with its three types of cones, measures only three bands, which correspond roughly to the blue, green, and red areas of the visual spectrum. The MODIS-derived data set is thus considerably richer than just a series of visual images at comparable resolution. The next step is to take the composited MODIS inputs and implement a computer algorithm to discriminate between forest and non-forest. The key idea of remote sensing is developing an algorithm that identi…es what spectral signatures or set of signatures -i.e., what combinations of MODIS-derived spectral and temporal informationbest discriminate forest cover and its loss. For example, plants absorb electromagnetic radiation in the visual red part of the electromagnetic spectrum, but re ‡ect or scatter radiation in the near-infrared part. One common metric for measuring vegetation productivity is the NDVI (normalized di¤erence vegetation index), which captures the di¤erence in re ‡ectance of the near-infrared and red parts of the electromagnetic spectrum, and is a useful spectral signature for indicating the presence or absence of vegetation (Tucker 1979 ). Foster and Rosenzweig's pioneering work relating forest cover to economic factors in India, for example, used satellite-based NDVI measures to detect forest change (Foster and Rosenzweig 2003) .
In practice, one can do much better than using NDVI by exploiting additional dimensions of the data. For example, forests tend to be cooler than surrounding areas, so bands that measure temperature can also be used. Moreover, trees have di¤erent spectral signatures than other types of crops and plants (Jensen 1995) . To take maximal advantage of the richness of the MODIS data, we use a statistical learning procedure known as a decision tree bagging algorithm to determine which spectral signatures best correspond to forest (Breiman 1996) .
Speci…cally, we start with much higher resolution training images. For each of these images (consisting of best available Landsat data), experts classify each pixel as having experienced forest cover loss (clearing) or not. We then relate these labels to corresponding MODIS data using the decision tree algorithm. The decision tree algorithm is a non-linear, hierarchical tool for recursively partitioning a data set into less and less varying subsets regarding the variable of interest, in this case forest cover loss. The method makes no assumptions on the distribution of the data in spectral space, allowing for the robust and precise division of the spectral data into estimates of forest cover loss using a series of nested partitioning rules. One then extrapolates the derived rule set over the entire MODIS dataset to predict, for each year, a per pixel probability of forest cover loss. We code a pixel as cleared if the estimated probability of deforestation exceeds 90%.
The …nal outputs are annual forest change estimates for 2001-2008 for each of the 34.6 million pixels that make up Indonesia. Note that these estimates will provide a lower bound for forest change, as a 250 meter by 250 meter pixel is only coded as deforested if the majority of the area represented by the pixel is felled. This will reliably pick up clear-cutting, but will not necessarily capture selective logging if the forest canopy remains largely intact, and therefore will under-estimate total logging. Identi…ed change is to be treated as an indicator of likely forest change. The measure will also capture deforestation due to large-scale burns, which can be either intentional (for land clearing purposes, usually after logging of valuable trees has already taken place) or unintentional.
This cell-level data is then summed by district and forest zone (i.e., the four forest cate-gories in the 'Forest Estate': the 'Production', 'Conversion', 'Protection'and 'Conservation Forest'). This yields our …nal left-hand-side variable def orest dzt , which counts the number of cells likely to have been deforested in district d in forest zone z and year t. Figure 1 gives an idea of what our underlying forest cover data looks like. To do this we zoom in onto a small area, since the detailed nature of this dataset makes it impossible to visualize the 34.6 million pixels that make up Indonesia in a single map. It focuses on one of the main hotspots of deforestation during this time period (Hansen et al. 2009 ), namely the province of Riau on the island of Sumatra. The deforested cells are indicated in red, forest cover is shown in green and non-forest cover in yellow. The map clearly shows that substantial amounts of forest have been deforested during the period from 2001 to 2008. Furthermore, forest clearing seems to spread out from initial areas of logging, as access will be easier from already logged plots.
In addition to the satellite data, to obtain data on prices we also examine logging statistics from the annual 'Statistics of Forest and Concession Estate'(Statistik Perusahaan Hak Pengusahaan Hutan), published by the Indonesian Central Bureau of Statistics for 1994-2007. These statistics report the quantity and value of logs cut at the province level and the associated price by wood type, for 114 di¤erent types of wood. 16 Because they are derived from production, they include both clear-felling as well as selective logging; on the other hand, they capture only logging that was o¢ cially reported by the forest concessions, and so likely miss most illegal logging. Since they report the wood cut from the production forest, they should be compared to the satellite data from the 'Production'zone. We divide value by quantity to obtain data on the price of wood; since market prices are determined by both legal and illegal logging, these prices will re ‡ect the market equilibrium for both types. We use this second dataset as a consistency check for our satellite data and to examine impacts on prices, as described in further detail in Section 4 below. Figure 2 illustrates the distribution of pixels coded as likely deforested at the district level across Indonesia over time. In particular, it shows the number of cells coded as likely deforested at the district level in 2001 and 2008. We focus our analysis on the main forest islands of Indonesia: moving from West to East, these are Sumatra, Kalimantan, Sulawesi and Papua. The remaining islands (Java, Bali, NTB/NTT, and Maluku), shown in white, have negligible forest cover in the baseline period and are not included in our sample.
Descriptive Statistics of Forest Change
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In this map, low levels of likely deforestation are shaded in green, whereas high levels of likely deforestation are indicated in orange and red. The …gures suggest that most of the deforestation occurs in Kalimantan and in the lowlands of Sumatra along its eastern coast. From 2001 to 2008, there is a shift in deforestation in Kalimantan from the West to the East, and there is an intensi…cation in deforestation in Sumatra, particularly in the provinces of Riau and Jambi in the east-center of the island. There is also some intensive deforestation in the Southern part of Papua in 2001, but high deforestation rates are not maintained in this area over time. Table 1 reports the trends in forest cover over time in more detail, and Table 2 displays the summary statistics for our main measure of deforestation. The data in both tables is reported for the entire 'Forest Estate', the subcategories of the 'Forest Estate'where logging may be legal ('Production/Conversion Forest') and where all logging is illegal ('Conservation/Protection Forest') as well as the individual subcategories of the 'Forest Estate'. Table  1 shows the changes in the forest area measured in MODIS pixels (each of which represents an area approximately 250 meters by 250 meters). Total deforestation (by the measure constructed here) between 2000 and 2008 amounts to 783,040 pixels. Although MODIS pixel change does not detect all forest change (as some forest change occurs below the level detectable by MODIS (Hansen et al. 2009 )), it is worth noting that 783,040 pixels represents 48,940 square kilometers; this is roughly twice the size of Vermont.
Most of this change occurs in the 'Production Forest', where 486,000 pixels (representing an area of 4.2 million hectares) were coded as likely deforested. Much smaller changes are reported for the other forest zones: 179,000 pixels were deforested in the 'Conversion Forest'and only 116,000 pixels were deforested in the 'Conservation'and 'Protection Forest' combined. However, this last estimate will only provide a lower bound of the actual changes on the ground, since logging is prohibited in these parts of the 'Forest Estate'. To the extent illegal logging is selective and, thus, occurs on a much smaller scale, moderate resolution sensors like MODIS will underestimate these changes. Table 2 shows the summary statistics of our main left-hand side variable, def orest dzt , which counts the number of cells likely deforested for district d in forest zone z and year t. On average, 113 pixels (the equivalent of 704 hectares) are deforested annually at the district level. However, the variance of 464 pixels (4 times the mean) suggests that there is a lot of variability in deforestation both across years and districts. The pattern of the results mimics the previous …ndings, i.e. most of the changes occur in the 'Production Forest', where on average 232 pixels (representing 1,451 hectares) are coded as likely deforested in each district and year.
Political Economy Data
To capture increasing competition in the wood market, we take advantage of the extensive partitioning of districts following the collapse of the New Order regime. Figure 3 illustrates the distribution of district splits in our forest island sample. It displays the total number of districts that the original 1990 district partitioned into by 2008. 18 High numbers of splits (3-7) are denoted by orange and red in the …gure, whereas low numbers (0-2) of splits are denoted by blue and green. It is evident from this map that district splits happen all over the country. Most districts split at least once or twice, so that very few of the 1990 districts remain intact. In addition, the map suggests that the largest districts in 1990 split into more new administrative units.
At the province level, Table 3 shows the number of new districts established in each province in each year for the forest-island provinces in our sample. Table 3 shows that every province in our sample had at least one new district established during our period. Most provinces had some new districts established in the early period (2001) (2002) (2003) appears to have been followed in all provinces. The variation that we exploit when exploring the implication of district proliferation on deforestation is thus primarily on the intensive margin (the number of new districts created, rather than whether a district is created) and the di¤erential timing of these new districts.
We use the o¢ cial date that the national parliament approved the formation of a new district to code the number of districts present at a given area at t. For the province-level data, we calculate the total number of districts and municipalities in province p on island i in year t, N umDistrictsInP rov pit .
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To examine the impact of other sources of rents available to district governments, we examine oil and gas revenues per capita at the district level, P COilandGas dt .
20 Oil and gas revenue is shared among districts according to a formula stipulated in a national law, which states that 15% of state revenues from oil and 30% of state revenues from natural gas are distributed to the regions, with the rest going to the center. For the revenue going to the regions, half goes to the producing district and the remaining amount is divided equally among all districts in the province. (ROI 1999) . 21 We obtain the revenue data from the Indonesian Ministry of Finance webpage (http://www.djpk.depkeu.go.id/datadjpk/57/) and the population data for 2008 from the Indonesian Central Bureau of Statistics. It is important to note that new districts often do not record their own share of revenue for the 19 Each province is located on only one of the four islands -Sumatra, Kalimantan, Sulawesi, and Papua. We use the island subscript, i, as we will allow for di¤erential time trends by island in the empirical analysis below.
20 Oil and gas is by far the largest source of natural resource rents for districts. For instance, in 2008 the average district-level revenue from oil and gas was 114.5 billion rupiah, whereas the corresponding …gure for forestry was 5.3 billion rupiah. On average, oil and gas revenue sharing correspond to about 1% of district GDP for the districts in our sample; for non-producing districts, the …gure is about 0.5%. While ‡uctuations in oil and gas revenue sharing from year to year are therefore large as share of government revnues, they are not enormous compared with district GDP, particularly for non-producing areas. 21 To be speci…c, suppose that there are N p districts in province p. Each district d produces oil revenues o d and natural gas revenues g d . Each district's revenue sharing is thus equal to R dp = 0:075o dp + 0:15g dp + 0:075
g jp …rst few years after the split, as the district is not yet fully functioning. We therefore allocate each new district the revenue share of its originating district until it reports its own share of revenue for the …rst time. Figure 4 displays oil and gas revenue per capita in 2008 at the district-level. These natural resources are much more spatially concentrated than forest, so that most districts receive very little or no revenue shown as blue and green respectively. The districts that receive the largest share of revenue from oil and gas extraction are located in Eastern Kalimantan and in the province of Riau on Sumatra. Moreover, the map shows that there is some heterogeneity across districts within each province, where provinces are delineated with thick black borders. These di¤erences are due to the revenue sharing rule, which implies that oil and gas producing districts in a province receive substantially more than non-producing districts.
Increases in Political Jurisdictions
In this section, we consider the implications of subdividing political jurisdictions for deforestation. As discussed above, across all of Indonesia, the number of districts increased from 292 prior to decentralization to 483 in 2008. The increase is even more dramatic in the forest islands (Sumatra, Kalimantan, Sulawesi, and Papua) that are the focus of this studyfrom 146 districts prior to decentralization to 312 districts in 2008, an increase of 113%. We exploit the splitting of districts and the staggered timing of these changes in administrative boundaries (see Table 3 ) to identify the relationship between the number of administrative units and deforestation.
Our theoretical framework predicts that the quantity of forest removed should increase and that wood prices should decline as the number of political jurisdictions increases. We will test these predictions empirically below, consider whether the magnitudes appear consistent with what one would expect from a Cournot model, and consider several alternative explanations for the results.
Empirical Speci…cations
To examine the impact of the number of political jurisdictions, we examine how deforestation responds when a district is subdivided to create new administrative jurisdictions. In doing so, a key question is what determines the timing of these district splits. As analyzed in detail in Fitrani et al. (2005) , the splitting of districts was driven by three principal factors: geographic area, ethnic clustering, and the size of the government sector.
22 Since all analysis in this paper is identi…ed from the timing of the splits, not whether they occur, however, the key question from the perspective of this paper is not whether a district splits, but rather what determines the timing of the split. Several idiosyncratic factors appear to in ‡uence the timing of the splits. First, the process of splitting a district is quite cumbersome, involving a number of preliminary steps (e.g., formal agreement of the district legislature, the district head, the provincial governor, and the provincial legislature; documentation of the new districts' ability to meet …scal requirements; documenting a reason for the split (ROI 2004)) and, ultimately, the passage of a special law by the national parliament for each split that takes place. The amount of time each of these steps take varies, which in turn in ‡uences the total amount of time required. Moreover, as discussed above, there was a national moratorium on splits from 2004 (when the criteria for splits were revised) through 2007. This moratorium also creates plausibly exogenous delays in timing of splits, as many districts that may have been close to completing the process in 2004 had their split postponed by three years due to the moratorium. 23 In the empirical analysis below, we show empirically that the timing of these splits is not associated with pre-trends in deforestation, though a priori there is little reason to believe they would be. In Appendix Table 1 , we also show that the year a district split is uncorrelated with factors such as population, area, oil and gas revenues, share of land that is forested, or the pre-period rate of deforestation. Another possibility is that more corrupt districts might split earlier as a means of securing greater future rents from illegal activity and may be more liable to engage in illegal logging. However, as Appendix Table 1 demonstrates, neither district corruption as measured by the share of missing rice from a public distribution program (see Olken 2006) nor the vote share of the former party of Soeharto (Golkar) is correlated with the year when a district splits.
To test the Cournot theory, a key question is what de…nition we should use for the "market" for wood products. While wood and wood products are traded on international markets (and hence, one would expect the market to be global), there are several factors that make wood markets in Indonesia more local. In particular, since 2001 Indonesia has banned the export of raw logs. Instead, all timber felled in Indonesia must …rst be transported (either by river, when possible, or by road) to local saw mills, plywood mills, and paper mills, where it is processed before export. These factors imply that prices may di¤er across regions. We focus on the province as the key de…nition of a market, since provincial boundaries are coincident with the major river watersheds used for transporting logs by water. Province boundaries are also coincident with mountain ranges which make transporting logs across provinces by road generally more di¢ cult than transporting logs by road within provinces.
1998-2000 period and negative coe¢ cients in the 2001-2003 period, implying zero e¤ect on average across their sample period. Details of these regressions can be found in Fitrani et al. (2005) . Note that although splits do lead to more resources, the evidence presented in Section 5 below suggests that, if anything, more government resources leads to less deforestation, not more, so the additional resources from the DAU formula are unlikely to be driving the results here.
23 Unfortunately, we do not observe when the district began the process of …ling for a split, as we only observe the date the …nal split law was passed by the Parliament, so we cannot exploit this three-year moratorium directly as an instrument.
Provincial boundaries are also the smallest level at which our price data is available.
We will examine several empirical predictions of the Cournot theory outlined above. First, taking a province as a measure of the market, we use panel data to test whether the number of districts in the province a¤ects the prices and quantity of wood felled in the province. For this purpose, we will use our two complementary sources of forestry data. For our primary measure of deforestation, we will use the MODIS satellite based data, which captures both legal and illegal deforestation. To examine the impact on prices and estimate elasticities, we will examine the o¢ cial forestry statistics.
Speci…cally, for the satellite-based forestry data, since our key dependent variable is a count -i.e., how many pixels were deforested in a given year -we will run a …xed-e¤ects Poisson Quasi-Maximum Likelihood count model (Hausman et al. 1984 , Wooldridge 1999 ; see also Wooldridge 2002) , with robust standard errors clustered by province to account for arbitrary serial correlation over time within provinces. Speci…cally, this estimates, by MLE, equations such that
where def orest pit is the number of pixels deforested in province p (located on island i) in year t, N umDistrictsInP rov pit counts the total number of districts in province p in year t, pi is a province …xed-e¤ect, and it is an island year …xed e¤ect. Including island year …xed e¤ects allows for ‡exible time trends in deforestation across di¤erent parts of the country over time. 24 The coe¢ cient in equation (5) represents the semi-elasticity of deforestation with respect to the number of districts in the province. The reason we use the Poisson QML count speci…cation for the satellite data, rather than estimate a log dependent variable with OLS, is that we have observations where the dependent variable is 0, so a count model is more appropriate. The Poisson QML count model in (5) is robust to arbitrary distributional assumptions, so long as the conditional mean is speci…ed by (5). The robust standard errors are clustered at province boundaries. 25 We estimate this equation separately by land use zones. 24 As shown in Table 3 , the four island groups are Sumatra, Kalimantan, Sulwesi, and Papua. Including separate island time trends is important because the di¤erent island groups are indeed on di¤erent trends (deforestation is slightly increasing in Sumatra, decreasingly slightly in Kalimatan, and decreasing more substantially in the eastern islands of Sulawesi and Papua).The di¤erential trends are likely driven by a shift in the composition of logging nationally towards supplying the large pulp and paper mills located in Sumatra. Appendix Table 5 shows that the results are robust to dropping islands one-by-one, so that no particular island is driving the results. The results also appear roughly similar (although imprecise) if they are estimated island-by-island. 25 Note that province borders changed over our sample period. In 1990 (i.e., under Soeharto), there were 17 provinces in our sample area; in 2001, at the start of our data, there were 19 provinces in our sample area, and in 2008, at the end of our data, there were 21 provinces in our sample area. Districts are not split across province lines. Since the …ner provinces correspond more naturally to geographic units (e.g., West Sulawesi; West Papua), in our main speci…cations we use the …ner 21-province de…nitions for the analysis, but cluster standard errors at the original 17-province level. If we use the 17-province level 1990-era borders for the analysis instead, the estimates with no lags attenuate, but the estimates with lags remain virtually unchanged. See Appendix Table 19. For the price (and quantity) data from the o¢ cial production statistics, we will run an analogous OLS …xed e¤ects regression, as follows: log(y wipt ) = N umDistrictsInP rov pit + wpi + wit + " wipt ;
where y wipt is the price or the quantity of wood type w harvested in province p and year t. The regression also controls for wood-type-by-province and wood-type-by-island-by-year …xed e¤ects, wp and wit respectively. Since there is substantial variation in quantity of wood across wood species and provinces -the 5th percentile of the quantity variable is 42 m 3 , whereas the 95th percentile of the quantity variable is 204,804 m 3 -this regression is weighted by the volume of production of wood type w in province p in the …rst year that we have data, so the coe¢ cient is approximately interpretable as the e¤ect on average prices in the province. Note that if one takes logs of equation (5), the coe¢ cient in equation (5) is directly comparable to the coe¢ cient in equation (6); both represent the semi-elasticity of deforestation with respect to the number of districts in the province. Table 4 begins by estimating equation (5). The table reports the …ndings separately for each subcategory of the 'Forest Estate'. Column 1 presents all categories of the Forest Estate pooled together, Column 2 presents results for the zones where legal logging can take place (i.e., the 'Production'and 'Conversion'zones), and Column 3 presents results for the zones where no legal logging can take place (i.e., the 'Conservation'and 'Protection'zones). 27 The remaining four columns show the results for each individual zone.
Impacts on Quantities
Main results
The total estimated impact of district splits on deforestation is shown in Column 1 of Panel A. We …nd that the annual rate of deforestation increases by 3.85% if an additional district is formed within a province.
Looking across the various zones of the forest estate, the point estimates suggest broadly similar impacts on extraction in the zones where logging could be legal or illegal (production: 5.35%, statistically signi…cant at 1%; conversion: 3.87%, not statistically signi…cant) and in one of the zones where deforestation is clearly illegal (conservation: 9.76%, statistically signi…cant at 5%). This suggests that the impact of the increasing number of political jurisdictions is not merely being driven by changes in the allocation of legal cutting rights, but that something is happening with regard to illegal logging as well as would be predicted by our theoretical framework. 26 The only di¤erence is that equation (6) is weighted by initial volumes in production (def orest wp0 ), whereas the Poisson model implicity uses contemporaneous volumes for weights (def orest wpt ) (see VerHoef and Boveng 2007) . We show in Appendix Table 9 that using contemporaneous weights when estimating equation (6) produces virtually identical results. 27 As discussed above, since the Poisson model weights each observation by the quantity, when we combine observations from multiple zones we obtain the correct weighted average e¤ect.
Panel B reports the estimates of the medium-run impact of district splits by including three lags of the N umDistrictsInP rov pit variable. We focus on the sum of the immediate e¤ect and the …rst three lags, which is the net impact of adding an additional district to the province three full years later. 28 In virtually all cases, the medium-run impact estimated by calculating the sum of the immediate e¤ect and all three lags is even larger than in the main speci…cation. For example, three years after the split, a district split increases deforestation in the entire 'Forest Estate'by 8.22%. The estimates for deforestation in legal and illegal logging zones, reported in Columns 2 and 3, respectively are now both signi…cant and of similar magnitude -8.09% on average for the production and conversion zones (where logging could be legal or illegal) and 10.1% for the conservation and protection zones (where all logging is illegal). The fact that the cumulative e¤ect on logging three years after the split is even larger than the immediate impact, especially in the zones where all logging is illegal, suggests that the impact is not merely being driven by declines in enforcement associated with new district creation.
Robustness and Additional Speci…cations
An important potential concern is that the timing of splits is correlated with existing trends in logging. To investigate this, Table 5 repeats the baseline speci…cation from column (1) of Table 4 , but adds various types of trends. Column (1) of Table 5 repeats the baseline speci…cation (column 1 of Table 4 ) for comparison purposes. Columns (2) -(4) add preperiod provincial population, per-capita expenditure, and amount of forest (respectively) interacted with a linear time trend as a control variable. Adding pre-period population interacted with a linear trend (column 2) reduces the coe¢ cient on number of districts somewhat, so that it is no longer statistically signi…cant in Panel A, though the coe¢ cient on the immediate e¤ect and the sum of the three lags remains statistically signi…cant in Panel B. Adding pre-period per-capita expenditure interacted with a linear trend, or adding pre-period amount of forest interacted with a linear trend, does not change the coe¢ cients or statistical signi…cance from the baseline speci…cation. Adding all three linear trends together (column 5) produces virtually identical results to including only pre-period population times a linear trend (column 2). Finally, adding an arbitrary province-speci…c linear trend (column 6) produces slightly smaller estimates in Panel A (0.02 as compared to 0.039 in the baseline speci…cation), but slightly larger estimates in Panel B (0.14 instead of 0.08). These results con…rm that the results do not appear to be driven by underlying trends correlated with the introduction of new districts.
We have also explored several additional robustness checks. An alternative approach to checking for pre-trends is to repeat the analysis in Table 4 including leads as well as lags. 28 Since the N umDistrictsInP rov variable is highly serially correlated ( 0:8), the individual lag coe¢ cients are not particularly well identi…ed. However, the sum of the immediate e¤ect and the …rst three lags is much better identi…ed, since the N umDistrictsInP rov variable is not that highly correlated with its third lag. We therefore report the sum of the immediate e¤ect and the …rst three lags in the table, and report the full set of results including individual lag coe¢ cients in Appendix Table 2 . The results do not change substantially if we use …ve lags instead of three.
Appendix Table 4 shows that our main results are robust to the inclusion of leads, and that the p-value of a joint signi…cance test for the leads is large and statistically insigni…cant for all zones (ranging from 0.20 to 0.71, depending on speci…cation), once again suggesting that there are no substantial di¤erential pre-trends.
We have explored the results dropping each island group (Sumatra, Kalimantan, Sulawesi, and Papua) one by one. Appendix Table 5 shows that the results are essentially unchanged by omitting any particular island group. In fact, Appendix Table 5 shows that we obtain qualitatively similar results if we estimate the regression for each island group separately, though the small number of observations mean that most of these single-island regressions are not statistically signi…cant.
Appendix Table 6 shows the main results using OLS with a log dependent variable instead of the more e¢ cient robust Poisson model using di¤erent weighting schemes (as discussed above, the Poisson model implicitly uses contemporaneous volumes for weights (def orest wpt ); see VerHoef and Boveng 2007). We lose 12 observations where there is no deforestation in the province year and the log dependent variable is unde…ned. The results in Panel A are quantitatively similar though slightly less precise; the point estimates in Panel B tend to be about 25-40% smaller but remain statistically signi…cant. On net, the results in this section suggest that the results here do not appear to be driven by pre-trends and are robust both to changing the sample and to alternate functional forms.
Since the satellite data show us deforestation at a very …ne pixel level, we can further disaggregate logging by district as well as by forest zone. This allows us to separately estimate the direct e¤ect of a district splitting -i.e., the impact in the district that splits itself -from the indirect e¤ect of the district splitting -i.e., the impact on logging on other districts in the same province. 29 The results, shown in Appendix Table 7 , suggest that while illegal logging in the district that splits increases immediately after the split occurs, there is a temporary disruption in legal logging in the district that splits as the new district government is organized. In response, other districts in the same province respond immediately by increasing deforestation in all zones. Over time, total deforestation appears to increase in the district that splits as well. The spillover e¤ects are consistent with dynamic Cournot e¤ects with a non-renewable resource as in Lewis and Schmalensee (1980) , whereby the other districts increase production immediately in response to the anticipated future increase in logging that will occur once the new district is fully up and running. Additional details of this analysis can be found in the working paper version of the paper (Burgess et al. 29 To do this we estimate via Poisson QML a model such that:
where def orest dit is the number of cells cleared in district d (located on island i) between year t 1 and t, N umOwnDistricts dit counts into how many districts the original 1990 district d split into by year t, and N umOtherDistricts dit counts how many other districts there are within the same province in year t. It also includes district * forest zone …xed e¤ects di and island-by-year …xed e¤ects it . An observation is based on the 1990 district boundaries, and the robust standard errors are clustered at the 1990 district boundaries. The conditional log-likelihood function is again estimated separately by land use zones. 2011).
Impacts on Prices
If the Cournot theory outlined in Section 4.1 is important, we would expect increasing numbers of political jurisdictions not only to increase quantities of deforestation, but also to decrease prices. To examine this, we turn to the o¢ cial production data. This data captures the value and quantity of all logs from the o¢ cial forest concession reports, separately for each species, province, and year. Logging concessions are all in the production zone, so they are most comparable to the production zone estimates from the satellite data. By dividing value by quantity, we can obtain the price the concession obtained for the wood. Although the o¢ cial production statistics will not capture illegal logging, the prices concessions receive for their legally felled timber should re ‡ect the prevailing market prices in the area, which will be determined by the quantities of both legal and illegal logging. Table 6 reports results from estimating equation (6), using the data on prices and quantities from the o¢ cial forest concession reports. Columns 1 and 2 provide the estimates for our main speci…cation, which includes all wood types and covers the period 2001-2007. 30 Columns 3 and 4 show the results for the same sample period, but restrict attention to a balanced panel of wood types, where we observe production of the wood type in all years for a given province. Columns 5 and 6 present the results for all wood types for a longer time horizon that also includes the years of the pre-decentralization period for which the o¢ cial logging publications were also available, i.e. for 1994-2007. Panel A displays the estimates for the contemporaneous e¤ect (i.e., estimating equation 6 with no lags), and Panel B estimates the medium-run impact by including three lags of the number of districts variable. Columns 1, 3, and 5 show results where the natural log of prices are the dependent variables, and Columns 2, 4, and 6 present results where the natural log of quantities are the dependent variables.
Consistent with the theory, the main results in Columns 1 and 2 of Panel A show that adding one additional district in a province decreases prices by 1:7% and increases the quantity of logs felled by 8:4%, though the impact on prices is not statistically signi…cant. Panel B estimates the medium-run impact of the number of districts on prices and quantities by including three lags of the N umDistrictsInP rov pit variable. 31 The medium-run impact estimated by calculating the sum of the immediate e¤ect and all three lags is even larger than in the main speci…cation, as at the end of three years prices have fallen by 3:4% and quantities increased by 13:5%, and the impact on prices is now statistically signi…cant at the 5% level. Similar results are obtained for the alternative samples shown in Columns 3 through 6, and the price e¤ect becomes statistically signi…cant in both Panel A and B when we use the entire sample. Since increasing the number of districts is essentially a supply shock, one can infer the slope of the demand curve from the ratio of dLnQuantity to dLnP rice. Combining the estimates from Columns 1 and 2 from Table 6 implies a demand elasticity of 5:24. However, since the o¢ cial production statistics miss illegal logging, a more reliable estimate of the elasticity can be found by taking the price e¤ects from the o¢ cial data and the quantity e¤ects from the satellite estimates in Table 4 . Using the satellite data estimates in Table  4 that adding an additional district increases quantities by 3:85%, we obtain a demand elasticity of 2:27. Alternatively, using the medium-run estimates -the increase in quantities of 8:22% from Panel B of Table 4 and the increase in prices of 3:4% from Panel B of Table  6 -we obtain an estimated medium run elasticity of 2:41 -almost exactly the same as the short-run elasticity estimate of 2:27. Given that the downward sloping demand curve within a province is determined by transportation costs across provincial boundaries, we would expect that demand for forest products should be reasonably elastic, consistent with the high elasticities we …nd in the data.
We have also veri…ed that these results are robust to a variety of alternate speci…cations. In particular, we have shown that the results are similar if, instead of weighting by the quantity in the …rst year, we instead weight by current quantities. This weighting is most similar to the one applied by the Poisson Quasi-Maximum Likelihood. We have also shown that the results are robust to excluding from the district count kotamadya (major cities), which do not control any forest and hence should not a¤ect logging. A falsi…cation test where we include only kotamadya shows no impact in most speci…cations, though the results are very noisy given the small number of cities (see Appendix Tables 8 and 9 ). We have repeated the analysis where we include various types of year trends (population, per-capita expenditure, and pre-period forest, all interacted with linear trends, as well as arbitrary linear trends). The results in Appendix Table 10 show broadly similar results across all speci…cations, except that the results for the full 1994-2007 sample attenuate when we allow completely arbitrary province-speci…c trends. Finally, we have repeated analysis of leads of district splits for the o¢ cial data in Appendix Table 9 .
Interpreting Magnitudes in a Cournot Framework
The empirical analysis above showed that as the number of independent jurisdictions within a province increases, the quantity of deforestation in that province increases and the price of wood in that province falls, as one would expect from a model of Cournot competition. Speci…cally, focussing on the satellite data (which captures both legal and illegal extraction), the overall semi-elasticity of quantity produced with respect to the number of jurisdictions was 0:0385 in the short run and 0:0822 in the medium run. The estimated price elasticity of demand was around 2:3 in both the short and medium run.
Are the empirical estimates broadly with the model's predictions from equations (3) and (4)? In the beginning of our period (2001), we have 116 districts in 21 provinces who are producing logs, so on average we have n = 5:5. Substituting the empirical elasticity estimates Table 3. and the number of districts into equation (4) suggests that the semi-elasticity of quantity with respect to the number of districts ( 1 Q dQ dn ) should be approximately 0:034. Empirically, we estimate using the satellite data that 1 Q dQ dn is 0:038 in the short run and 0:082 in the medium run. The short-run estimate exactly matches the theoretical prediction, and more generally, these estimates are of the same order of magnitude as that predicted by the theory.
Checking the other prediction -the prediction about the markup in equation (3) -is necessarily more speculative, since we do not observe the markup directly. Substituting our estimates into equation (3) and assuming that the 0 r p term is small suggests that the markup
) should be around 0:08. How can we estimate the markup in practice? One way to gauge the markup is to look at the bribes charged by corrupt o¢ cials who determine q d . As discussed in Section 3.2, within a district, there are many small …rms who are willing to fell wood illegally, but they must bribe district o¢ cials to obtain an illegal transport permit in order to do so. Suppose that the district sells q d illegal log transport permits to these small …rms in return for bribes. In equilibrium, as in the simple model, the …rms will be willing to pay up to the full markup, p c, in the form of bribes b.
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How large are the bribes b in practice? Direct estimates are scant, but Casson and Obidzinski (2002) estimate that they are of the same order of magnitude as a relatively small share of the total price, consistent with what equation (3) would suggest. Based on …eldwork in Kalimantan, Casson and Obidzinski (2002) estimate that in one district the bribe to receive an illegal wood transport permit is $22/m 3 of wood. They also note that district o¢ cials only require sawmills to purchase these illegal permits for 20% of the wood they process, so the e¤ective bribe required is about $4/m 3 . Since wood prices vary from $120 to $250/m 3 , the bribes are equal to between 0:01 and 0:03 of the total price of the wood. This is only the transport permit: there are also (presumably) additional bribes to fell the wood. If the additional bribes are similar in magnitude, that would mean that the total bribe is between 0:02 to 0:06 the total price of the wood. In a second district that they study, the district government levies o¢ cial "fees" on illegal timber of about $20/m 3 , or between 0:08 and 0:16 of the total price. Although in this second case the fees go to the district treasury, they mention that district o¢ cials get some return from collecting these fees in the form of higher popularity with their constituents. Although these data are admittedly very rough, they suggest that the bribes collected are quite small as a share of the total value of the woods, and are on the same rough order of magnitude as the 0:08 range predicted by the theory.
Alternative Explanations
The results in this section suggest that having more political jurisdictions is associated with an increased rate of deforestation and lower prices in wood markets. Although we have focused on Cournot competition between districts as one plausible interpretation of these …ndings, there are several alternative explanations as well. This section considers several of these alternative explanations.
Enforcement
One possible alternative explanation is that the creation of a new district could result temporarily in a decline in enforcement capacity as a new district government sets up its own district forest o¢ ce. There are, however, several pieces of evidence against this idea that a decline in enforcement is responsible for the increase in deforestation associated with the creation of new districts. First, if enforcement was the issue, we would expect that there would be a large increase in deforestation initially, with declines over time as the new districts established themselves. Instead we see an initial increase in deforestation that is sustained over time so that the net e¤ect after three years tends to be bigger than the immediate e¤ect (contrast Panels A and B in Tables 4 and 6 ). Also telling is the fact that logging increases over time in both zones where all logging is illegal and where logging could be legal or illegal, which is not consistent with a story of growing enforcement capacity.
Second, we can test whether the increase in deforestation is greater in the new part of the district (i.e., the part of the district which after the split will be governed from a new district capital) as opposed to the old part of the district (i.e. the part of the district which after the split will be governed by the same forest o¢ ce as before the split). If enforcement capacity was driving the results, we would expect the increase in deforestation to be greater in the new part of the district, but if it was driven by Cournot forces, we would not expect di¤erential results between the old and new parts of the district. In results shown in the Appendix, we show that there is little di¤erential impact between the new and old parts of the district, and if anything, there is a stronger e¤ect in the old part of the district (see Appendix Table 12 ). Combined, these results suggest that a decline in enforcement due to the creation of a new district is unlikely to be driving the results.
Changes in the Assignment of Central Logging Quotas
As discussed above, the amount of legal logging in production and conversion zones is determined by a negotiation between the districts and the center. One could imagine that in such a negotiation, increasing the number of districts in a province could increase that province's bargaining power in these negotiations, so that the province as a whole receives a higher legal cut quota.
While this explanation could explain changes in the production and conversion zones, for illegal logging, however, this negotiation force should not be present. As shown in Table  4 above, we …nd increases in the rate of deforestation of approximately equal magnitude in the land use zones where logging should be legal or illegal (production and conversion) and the zone where no logging should take place (conservation and protection). Our results therefore are more consistent with district governments exerting control over both illegal and legal extraction of wood in provincial wood markets.
Moreover, in production zones, legal logging is the selective felling of individual trees, not the type of clearing of 250 meter by 250 meter pixels that should appear in our MODIS satellite data. While these reallocations of legal logging quotas may be taking place, they do not seem to be the main driver of these results.
Discussion
On net, the results in this section suggest that increasing the number of districts increases the rate of deforestation, as would be predicted by a Cournot-style model of competition between districts. Although we can not rule out all possible stories, several points of evidence provide suggestive evidence in favor of the Cournot-type story compared to alternative explanations. First, the fact that increasing jurisdictions not only increases quantities, but also reduces prices, con…rms that there is to some degree a downward sloping demand curve for logs in each province. Second, the fact that this occurs in zones where all logging is illegal suggests that this is not merely an artifact of changing allocation rules from the central government. Third, the facts that the impact of new jurisdictions on deforestation rates increases over time, rather than decreases, and the fact that deforestation is not more likely to occur in the new part of the district suggest that declines in enforcement in the illegal logging zones are not primarily driving the results. Finally, a back of the envelope calculation suggests that the quantitative impact of increased political jurisdictions on deforestation is consistent with what one would expect from a simple Cournot model given the equilibrium elasticities observed in the data.
Substitutes or Complements? Logging versus Other
Potential Sources of Rents
Empirical Implementation
An important question in the economics of corruption is how corrupt o¢ cials with multiple opportunities for rent extraction respond if one type of corruption becomes harder or easier. If corrupt o¢ cials behaved like classical pro…t maximizing …rms, and there were no spillovers from one type of corrupt activity to the other, then they would optimize separately on each dimension, and there would be no impact of a change in one type of corruption opportunity on the other type of corruption. More generally, however, one could imagine e¤ects going in either direction. If corrupt o¢ cials worry about being detected, and if being detected means the o¢ cial loses both types of corruption opportunities, then the two types of corruption will appear to be substitutes, and increasing corruption opportunities on one dimension will lower them on the other dimension. On the other hand, if there are …xed costs of being corrupt (for example, those with a low disutility from being corrupt selecting into the civil service), multiple corruption opportunities could be complements. The two existing studies that have examined this ques-tion empirically (Olken 2007 and Niehaus and Sukhtankar 2009 ) have both found evidence that alternative forms of corruption appear to be substitutes.
In this section, we examine this question by considering how logging responds to changes in another source of local rents for district governments: oil and gas revenues. Under Indonesia's Fiscal Balancing Law (ROI 1999), a fraction of all oil and gas royalties received by the central government is rebated back to districts, with half of the rebate going to the district that produces the oil and gas and the other half of the rebate being shared equally among all other districts in the same province. This can amount to a substantial amount of revenue -as much as US$729.63 per capita in the highest district -which can in turn be a tempting source of rents for district o¢ cials. 34 Moreover, the precise amount of oil and gas revenue allocated to each district varies substantially over time as oil and gas production ‡uctuates, oil and gas prices change, and district boundaries change. The idea that oil revenues are a source of illegal rents is consistent with …ndings from other contexts (e.g., Brollo et al. 2009, Caselli and Michaels 2009) .
A key distinction between our context and the existing literature is that while the existing literature (Olken 2007 and Niehaus and Sukhtankar 2009 ) studies short-run substitution from one type of corruption to another, our setting allows us to examine both the short and medium run. If the …xed costs of corruption are important, adjustment may take time, and the short and medium-run e¤ects could be quite di¤erent.
To examine the short-run impact of oil and gas rents on illegal logging we estimate a district-level regression. Since district splits in ‡uence oil and gas prices through the sharing formula, we control for district splits directly, and estimate the following equation:
where P COilandGas dit is the per-capita oil and gas revenue received by the district (in US$). Note that in computing N umdistricts dit when estimating (7), we count a district as having split only when it reports receiving its own oil and gas revenue. 35 Each observation is a district (using the 2008 borders) forest zone year. As above, di is a district …xed-e¤ect, it is an island year …xed e¤ect. We report robust standard errors adjusted for clustering at the 1990 district boundaries. 36 Since district oil and gas sharing revenue is, on average, twenty times larger than that generated by the forestry sector, one would not expect forestry decisions to in ‡uence oil and gas choices, so we would expect oil and gas revenue to be exogenous with respect to deforestation. 37 To examine the medium-run impacts of oil and gas rents on illegal logging, we estimate (7) as above, but include three lags of P COilandGas dit .
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Results
The results from estimating equation (7) are shown in Table 7 . Panel A, which shows the immediate impact e¤ect of oil and gas revenue on logging, con…rms evidence of short-run substitution between deforestation and oil and gas rents. Speci…cally, each US$1 of per-capita oil and gas rents received by the district reduces logging by 0.3%. These e¤ects are found in both the legal logging zones (0.3% in production/conversion; Column 2) and in the illegal logging zones (0.6% in the conservation/protection zones). To interpret the magnitudes, note that the standard deviation of P COilandGas dit after removing district …xed e¤ects is 23.7; so a one-standard deviation change in P COilandGas dit decreases deforestation by 7.1% in the production/conversion zones and by 14.2% in the conservation/protection zones.
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Panel B shows, however, that the short-run and medium-run e¤ects are quite di¤erent. While the immediate e¤ect of oil and gas revenue on logging is still negative (0.5% per US$1, Panel B, Column 1), the sum of the lags is now positive and statistically insigni…cant. That is, after three years, the total medium-run e¤ect of US$1 of per-capita oil and gas rents is to increase logging by 0.2%. Once again, this shift occurs equally in the legal logging zones (0.2%, Column 2) and illegal logging zones (0.1%, Column 3). While none of these e¤ects 36 We also show, in Appendix Table 13 , that our results are robust to clustering by province. 37 On average, oil and gas revenues shared with districts are about 1% of district-level GDP; for nonproducing districts (where we observe identical e¤ects), they are about 0.5% of GDP. Fluctuations in these revenues are therefore even smaller than that. These revenues are thus large as a share of the government budget, but small compared with overall GDP, and so the impact -particularly on illegal logging -seems likely to occur through the arrival of rents from oil and gas exploitation.
38 Note that we do not have district-level data for P COilandGas prior to 2001, so there is a question of how to assign lag values of P COilandGas in the early years of our sample. Prior to the new revenue sharing rules taking e¤ect in 2001, there was very little of this type of revenue sharing with districts. For example, in 2000 (prior to decentralization), for all of Indonesia, the total for all royalties (oil and gas plus other revenue sharing) shared with districts was 538 billion. In 2001, the …rst year of the new revenue sharig regime, it was 9,312 billion Rupiah. Given that total revenue sharing prior to 2001 was less than 5% of the value in 2001 and after, we assume that oil and gas revenue was 0 prior to 2001 in computing lags. Using missing values for these lags instead produces qualitatively similar results in aggregate, though the reversal between short and long run is now limited only to the production/conversion zone (see Appendix Table 16 in the online appendix). 39 One might be concerned that these e¤ects re ‡ect labor market substitution, as labor moves into the oil production sector when prices are high. However, we have veri…ed that the same results hold separately both for oil producers and non-oil producers, where the results for non-oil producers are driven only by the revenue sharing they receive from other oil producing districts in the same province, suggesting this is not driven by labor market factors.
are statistically signi…cant, we can reject the null hypothesis that the sum of the lags and the immediate e¤ect are the same at the 1% level. This suggests that the short and medium-run impacts are di¤erent, and in the medium run, oil and gas rents and rents from logging are no longer substitutes.
An important question is why the e¤ects might change over time. One natural hypothesis is that the higher oil and gas rents attract a di¤erent type of politician to o¢ ce who is more interested in rent extraction. These politicians would then extract more rents on all dimensions, both from the oil and gas sector and from forests. To investigate this hypothesis, we begin by interacting oil and gas revenues with a dummy that captures whether the new direct election for district heads has taken place or not, i.e. E (def orest dit ) = di exp P COilandGas dit + P ostElection dit + P COilandGas P ostElection dit + N umdistricts dit + it (8) The key coe¢ cient of interest is , which captures how the coe¢ cient on P COilandGas changes after the direct election. We continue to control for N umDistricts as in equation (7).
The results are presented in Table 8 . The results show that is positive, i.e. the negative e¤ect of oil and gas revenues on logging attenuates once the direct election is held. Speci…cally, the point estimates suggest that 35% of the substitution e¤ect between oil and gas revenues and forest extraction disappears once the direct election is held. This provides suggestive evidence that the medium-term reversal in the negative oil and gas e¤ect is mitigated through a change in the political equilibrium.
What about the political equilibrium might be changing? In results shown in Appendix Table 14 , we …nd that higher oil and gas revenues lead to fewer candidates running in the direct election, and instead lead to the new district head representing a larger coalition of parties, using data from Skou…as et al. (2010) . We …nd no impact on the probability the incumbent is re-elected. It is possible that these larger coalitions engage in more rent extraction as they have more people with whom to share the spoils of o¢ ce. Consistent with this, we also …nd evidence that having fewer candidates or a larger coalition is associated with a greater increase in logging, though the e¤ects are only statistically signi…cant in some forest zones and only in some speci…cations (see Appendix Table 15 ). Together, these results, as well as the results in Tables 7 and 8, suggest that the higher political rents lead to a change in the political equilibrium, which in turn undoes the short-run substitution between oil rents and forest extraction. The idea that oil rents a¤ects outcomes by a¤ecting who is in o¢ ce echoes recent …ndings from Brazil (Brollo et al. 2009 ).
Conclusions
The world's tropical forests are rapidly disappearing and climate change and biodiversity concerns have made countering tropical deforestation a subject of global policy debate. In common with other natural resources that fall under national ownership, command and control systems for forests in tropical countries are typi…ed by weak governance. Monitoring of local bureaucrats and politicians who de facto control forest extraction, including that which is not o¢ cially sanctioned, is often imperfect.
We show that the incentives that local politicians and bureaucrats face are a key determinant of rates of tropical deforestation. In line with predictions from a Cournot model we demonstrate that as the number of jurisdictions within a provincial wood market increase deforestation rises and prices fall. The availability of rents from oil and gas exploitation, in contrast, blunt the incentive to extract forest, though only in the short term. There is thus a clear parallel between the behavior of local governments and of …rms which are the typical focus of study in the industrial organization literature. As competition increases, due to new districts being created in provincial wood markets, districts respond very much as we would expect …rms to do in a standard Cournot model, by increasing extraction as a means of maximizing rents in response to falling wood prices.
Our results also serve as a counter-example to those who argue that decentralization of control over natural resources in weakly governed tropical environments should enhance their conservation. There is a large and growing literature, for example, which argues that local communities may have stronger incentives to conserve forests relative to central government (see Somanathan et al. 2009 and Baland et al. 2010 for some interesting evidence on this issue). Our work suggests that where political jurisdictions are large enough to have some market power in wood markets, and where the political heads of these jurisdictions obtain rents from allowing illegal logging (but not necessarily from preserving forests for future generations), then subdividing these jurisdictions actually leads to more not less deforestation.
The results in this paper con…rm the idea that standard economic models can help explain illegal behavior. The ‡ip side is that these same models also suggest how one can potentially counteract corruption. For example, one option is to strengthen top down monitoring and enforcement by, for example, by increasing the probability of detection of illegal activity ( in our model), though here weak governance and limited …scal resources devoted to conservation may hamper e¤orts to detect and punish those involved in illegal logging. Another option is to provide district governments with alternative sources of rents (r d ) -monies, for example, from REDD (Reducing Emissions from Deforestation and Forest Degradation) or PES (Payment for Environmental Services) schemes where district politicians and bureaucrats are, in e¤ect, paid not to cut down tropical forest (see Ferraro 2002; Jack et al. 2008; Bond 2009) .
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